In order to enhance the global and local search ability of genetic algorithm (GA) 
Introduction
Natural phenomena is often used as a source of inspiration for constructing computational systems. Such as Genetic Algorithm (GA) [12] , Evolutionary Algorithm (EA) [15] , Artificial Immune System (AIS) [3] , Ant Colony Optimization (ACO) [4] , and Artificial Bee Colony [19] . General, these computational systems inspired by natural phenomena have been used in two ways: one is technique for solving technological problems, and the other is simplified scientific model that can answer questions about nature. Obviously, this paper presents novel GA as problem solver for TSP.
Genetic algorithm is an adaptive method which is based on the genetic process of biological organisms. Over many generations, natural populations evolve according to the principles of natural selection and survival the fittest, first clearly stated by Charles Darwin. The basic principles of GA was originally proposed by Holland [7] and well described by many researchers [11] , [14] . Some GAs used for solving TSPs can be found in [17] , [16] .
Except for TSP, GA is also used for solving other optimization problems [18] . However GA has to be face several problems, such as premature convergence and difficulties in reaching high-quality solutions in reasonable time. An improved GA is constructed by combining chaotic initialization mechanism and quantum interference crossover to handle these problems. This paper is organized as follows: chaotic initialization and quantum interference crossover is introduced in Section 2. Section 3 describes the structure of the novel genetic algorithm. Numerical simulation based on traveling salesman problem are performed in Section 4 to demonstrate the performance of the proposed algorithm. Section 5 is the conclusion.
Chaotic Initialization and Improved Quantum Crossover

Chaotic Initialization
Chaos is a general phenomenon that exists in nature. Recently, there is a growing interest to discover the law of nature hidden in these complicated phenomena, and the attempt to utilize chaos theory for engineering purpose is now quickening. Chaos is not only an important research field in science, but also has potential to be applied in many fields such as control, synchronization and optimization [1] , [9] . In particular, chaos based optimization algorithms are built based on the special characteristics such as ergodicity, randomicity and extreme sensitivity to the initial conditions of chaos system.
Logistic map, one of the famous chaos system, is introduced in the process of the initialization of chromosomes. The Logistic equation defined as follows: (1) where zi denotes the i-th chaotic variable and k represents the iteration number. The current value of the variable zi(k), is mapped onto the next value zi(k + 1). The logistic map is a noninvertible map. Non-invertible means that although we may iterate the map forward in time with each zi(k) leading to a unique subsequent value zi(k + 1).
By repeatedly iterating the logistic map forward through time, we may observe various behaviors of the iterated solutions. The sequence of iterated solutions to the map is called an orbit. The behavior of successive iterates of the logistic map depends both on the control parameter μ and the initial condition (or starting point) zi(0) used for the iterations.
Improved Quantum Crossover
Quantum computing was proposed by Benioff [2] and Feynman [5] in the early 1980s. It includes concepts like quantum mechanical computers and quantum algorithms. Because of its unique computational performance, there has been a great interest in the application of the quantum computing.
Quantum crossover is one of the quantum operators and was first proposed by Narayanan [13] . Figure 1 presents the classical quantum interference crossover process for solving TSP. Unlike other crossover, only genes (cities) in the different universes (visiting tour) with the same list index position have the possibility of crossover. The new chromosome can be generated in this way: take the 1st city of U0, 2nd city of U1, 3rd city of U2, etc. No duplicates are permitted within the same universes, if a city is already presented in the visiting tour, choose the next alphabetical city not already contained. Like this, we can get new visiting
Obviously, the classical quantum interference crossover is just a position based crossover. It can not be expected to reduce the current tour length. Aiming to this problem, an improved quantum crossover is proposed. Figure 2 shows the improved quantum interference crossover. The new crossover can be described as follows: 1) Take the 1st city A of U0. Then jump to U1 and compare the two edges AB and AE. City B will be selected if Dis(A,B) < Dis(A,E).
Figure 2. Improved quantum interference crossover
2) Jump to U2 and compare the two edges BE and BF. Then select city E if Dis(B,E) < Dis(B,F).
3) Like this way, we can get a new tour A → B → E → C → D → F.
Comparing whit old crossover, the new ones is a distance based quantum crossover. It is naturally expected to reduce the tour length than the classical crossover. Figure 3 illustrates the new algorithm. Generally, the proposed model can be described as follows: Step 1 Chaotic initialization [6] : Generate an initial pool of m cells (C1,C2,…,Cm) with chaotic time series.
Chaotic Quantum Crossover Based GA
To solve traveling salesman problems, each chaotic variable corresponding to a valid tour is constructed according to the permutation theory. First, we will discuss the transform rule with the numerals one to three as an example. There are 3! = 6 total permutations of these numerals illustrated in Table 1 .
Here, the construction is in lexicographic order. D is the serial number and V = (v1, v2) indicates the vector of the permutations, where v1, v2 means the ordering of firstly and secondly selected elements respectively. The relationship between D and V can be constructed as follows:
……………………………………………. (2) where the function   x rounds the elements of x to the nearest integers greater than or equal to x. Then C is constructed according to the pointer of V . For example, V = v1v2 = 31 (where D = 3), we can obtain C = C 1 C 2 C 3 = 312 shown as follows:
In order to generate chaotic permutations, we set D0 = n!zi and d1 = nzi in Eq.2, where the chaotic Chaotic Quantum Genetic Algorithm and Its Application Yu Yang, Hongwei Dai, Cunhua Li variable zi can be obtained according to Eq.1. Thus the transform rule (Eq.2) is modified as follows:
……………………………………… (3) So we have established a one-to-one correspondence between the permutations C and the chaotic variable zi.
Step 2 Compute the affinity of all chromosomes (A(C1),A(C2), …,A(Cm)) and then sort them in a descending order, where A(.) is the function to compute the affinity. Select the n (n ≤ m) best (fittest) chromosomes based on their affinities from the m original cells. These cells will be referred to as the elites.
Step 3 Clone the elites with a rate proportional to its fitness. The amount of clone generated for these chromosomes is given by Eq. (4): …………………………………………………………….. (4) where i is the ordinal number of the elite pools, M is a multiplying factor which determines the scope of the clone and round(.) is the operator that rounds its argument towards the closest integer.
Step 4 According to the improved quantum interference crossover process described above, subject the selected n cells (C 1 ,C 2 ,…,C n ) through crossover and generate new solutions.
Step 5 Subject the clones of each elite through mutation.
Step 6 Update parent cells with the fittest cells. The produce will be terminated when the iteration number reaches a pre-specified maximal generation number G max . Otherwise, it returns to Step 2.
Numerical Simulation
In this section, several bench-mark traveling salesman problems taken from TSPLIB [8] are used to verify the performance of the new algorithm. All the simulation results are integer number and over 10 replications. Numerical simulation is implemented in Visual C++ 6.0 on a Pentium Dual-Core CPU 2.20GHz (2.0GB memory). Table 2 lists the TSP instances to be solved by the proposed algorithm. Table 2 . Problems to be solved by the proposed algorithm
The meaning of the parameters used in the proposed algorithm and their values are illustrated in Table 3 . Table 3 . The meaning of the user-defined parameters and their values In order to evaluate the similarity of chromosomes, a parameter of diversity D(t) is used as the mean edge-distance between the best tour and all other tours. Edge-distance means different edges between two tours [10] . Figure 4 shows the population diversity of a 70-city problem st70 for different algorithms. According to the simulation results, it can be easily found that the traditional of these two algorithms is also studied. Figure 5 indicates the convergence process of different algorithms when solving st70 problem. From these two figures, it seems that the diversity is not the only key. Figure 6 illustrates the population diversity fluctuation of different algorithms when solving st70.
Obviously, the population diversity of the new algorithm has larger fluctuation range. As a result, the new algorithm has a higher probability to search better solutions in the solution space than old algorithm.
Figure 6. Population diversity fluctuation when solving st70
In order to confirm the effectiveness and the robustness of our method to TSP, we apply our method to TSPs from eil51 to kroA200 and also compare our method with GA. Table 4 shows the experimental results of the TSPs. Parameters PDM and PDB in this table indicate the percentage deviation from the optimal tour length of the mean distance and the best distance respectively. Table 4 . Experimental results of classical GA and novel GA for TSPs from eil51 to kroA200
Conclusions
In this paper, in order to overcome problems, such as premature convergence and long run time for reaching high-quality solutions, of GA, an improved GA with chaotic initialization and quantum crossover was introduced. The chaotic initialization was introduced into the GA to improve its global search performance within an ergodic affinity landscape, whereas, the quantum crossover is introduced for exchanging information betwwen different solutions and useful for improving local search ability. The performance of the proposed algorithm is evaluated by simulating a number of traveling salesman problems(TSP). Simulation results show that the proposed algorithm can avoid the premature convergence and has superior ability of searching the global optimal or near-optimum solutions.
